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Abstract: Recent work has shown that in-utero air pollution has negative effects on both contemporaneous birth 
outcomes and long-term human capital outcomes. However, only a few studies explore the effects of in-utero exposure 
to air pollution on fetal loss, and none of the studies has been done in developing countries. In this study, we examine 
the impact of naturally caused CO and PM 2.5 on reproductive outcomes in 40 developing countries from 1997 to 2009. 
We present childbirths and birth gender as measures for potential fetal losses. The richest model identified using 
variation in pollution between pregnancies with controlling for seasonal and annual patterns of pollution in each country 
differently. We find an increased likelihood of fetal loss in the early stages of pregnancy due to first trimester exposure to 
PM 2.5. The results provide useful information for assessing benefit of air pollution reductions in developing countries.  
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1.Introduction 
One of the primary goals of pollution abatement is to protect infant health. As the most vulnerable 
members of society, infants have demonstrated to be more sensitive to a wide range of 
environmental containments (Currie, Neidell and Schmieder, 2009). Nowadays, a growing amount 
of researches are studying the effects of pollution on pregnancy outcomes, such as birth weight and 
infant mortality. However, measures presented in these papers are downward biased estimates of the 
true effects since there is a lack of estimation for spontaneous miscarriages. In this paper, we 
examine the impact of naturally caused air pollution, CO and PM 2.5, on fetal losses using Domestic 
Health Surveys (DHS) data from 43 developing countries spanning from 1997 to 2011. Since fetal 
death data are rarely available especially in developing countries, we present birth rate and birth 
gender as measures to identify the causal relationship between pregnancy losses (fetal death) and air 
pollution. Sanders and Stoecker (2011) adopt birth gender as a measure to estimate fetal death effect 
of air pollution, and they find that improvement in air quality in the U.S. from 1970 to 1972 caused 
by Clean Air Act Amendments (CAAA) has prevented roughly up to 134,000 fetal deaths. But 
studies on fetal death effects of air pollution have never been done in the developing context. Given 
the high-speed development and poor pollution regulation in many current developing countries, 
greater information about fetal death effects would clearly be useful in effective policy construction.  
Previous studies have found that severe air pollution can cause the death of adult and infants 
(Logan and Glasg, 1953). Evidence on the links of air pollution and fetal health suggests that CO 
exposure during the last trimester of pregnancy is associated with high incidence of low birth weight 
(Currie, Neidell and Schmieder, 2009); PM and SO2 exposures during pregnancy are both associated 
with preterm birth and infant mortality (Ritz et al., 2000, 2006, 2007; Sagiv et al., 2005). Taking 
advantage of the CAAA during 1970 to 1972 in the U.S., Chay and Greenstone (2003 a, b) use the 
natural experimental design to explore the relationship between PM exposure and infant mortality. 
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The results found that the PM decline caused by CAAA reduced the infant mortality by 18 lives per 
1000. Motivated by Chay and Greenstone and the Trivers-Willard theory that suggests male fetuses 
are more fragile in the face of negative stressors, Sanders and Stoecker (2011) present sex ratio as a 
measure of fetal death and find fetal death effect of air pollution does exist.  
In light of this evidence, We adopt the panel data to examine the birth rate and birth gender 
in response to air pollution variation, by using birth records (date, gender) from over 700,000 
women across 40 developing countries from 1997 to 2009. Taking advantage of the abundant data, 
this study improves the measurement precision by matching up pollution levels at certain altitudes 
and longitudes to birth records in each DHS cluster. Also, since pollution is not randomly assigned, 
we address the concern of potential confoundings by including country, cluster and maternal fixed 
effects to capture the time-invariant characteristics of countries, neighborhoods and mothers. In 
further specification, we compare different childbirths of the same mother by controlling for 
seasonal patterns, time trends, time-invariant characteristics of countries, neighborhoods and 
mothers. The results find that first trimester PM 2.5 decreases birth rate, which suggests conception 
failure and spontaneous miscarriages due to first trimester exposure to PM 2.5. A one-standard 
deviation increase in the average PM 2.5 intensity decreases the number of annual children born by 
59 in every 10,000 women. We also find evidence of CO causing preterm birth. Such effect is robust 
to demographic and climates controls at both cluster and individual levels. 
The rest of this paper is organized as follows. Section 2 presents evidence on fetal health in 
response to air pollution, and provides scientific background about how in-utero air pollution 
exposure can skew birth gender. Section 3 introduces data and discusses the methodology. Section 4 
presents the main results, Section 5 presents robustness checks, and Section 6 concludes. 
 
2. Literature Review 
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2.1 Scientific Background of How Pollution May affect Fetal Health and Reproductive Outcome  
Evaluating effects of air pollution exposure during pregnancy has one important advantage. 
That is the time-span of exposure is relatively short compared to the time-span from studies that 
examine effects of chronic exposure to air pollution. The short exposure windows in pregnancy 
studies make it easier to control for potential confounding factors (Woodruff et.al. 2008), which 
helps improve the precision of evaluation. Although the exact biological mechanisms through which 
air pollution affects fetal health are not well understood, the links between some pollutants and fetal 
health are better understood than the others. For example, compared with oxygen, carbon 
monoxide can more easily bond with hemoglobin in human blood. The CO exposure of pregnant 
women reduces oxygen that is delivered to the fetus and other organs. Also, CO is able to cross the 
placenta and binds to fetal hemoglobin. It has been found that CO concentrations in the fetus’s 
blood is 10-15% higher than its in mother’s blood due to the lower ability of a fetus to clear away 
the CO binds from the system; thus, exposure to CO is more harmful to fetal health than it is to 
expecting mothers (World Health Organization, 2000).  
Other pollutants like PM and ozone cannot cross placenta, but they may indirectly affect the 
fetus through compromising the health of mothers. The particulate matter (PM) is defined as 
microscopic solid or liquid matter suspended in the Earth's atmosphere. PM can penetrate into the 
lung; enter the bloodstream of the mother and cause inflammation that weakens the immune system 
(Seaton et al., 1995). Also, ozone as a highly reactive compound, can damage tissue, reduce lung 
function, and sensitize the lungs to other irritants (World Health Organization, 2000). Thus, in 
pregnant women, in-utero exposure to CO, PM2.5, PM10 and O3 can adversely affect the fetal 
health in both direct and indirect ways.  
In fact, one third of implantations cannot survive beyond 20 gestation weeks, and a large 
portion of fetal losses occurs around implantation, which is not clinically detectable (Wilcox et al., 
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1988). In recent years, studies on environmental health have found that sperm DNA fragmentation, 
also referred to as DNA damage, might be one of the mechanisms through which air pollution 
influences reproductive outcome. Evidence has found that miscarriage rates increase significantly in 
patients with high DNA fragmentation compared with those with low DNA fragmentation 
(Robinson et al., 2012). DNA fragmentation in human sperm can occur naturally during 
spermatogenesis and transport through the reproductive tract, but the effect of environmental 
toxicants can also cause sperm DNA fragmentation (Sakkas and Alvarez, 2010).  
Current studies indicate that air pollution might be one of the causes of sperm DNA 
fragmentation. Legro et al. (2009) and Perin et al. (2010) evaluate the effect of air quality on assisted 
human reproduction; they find that increases in concentration of NO2, O3 and PM10, both at the 
patient’s address and at the IVF lab, were significantly associated with a lower chance of pregnancy. 
In our study, the word “fetal losses” refers to the loss of embryos around implantation, as well as 
spontaneous miscarriages that are either detectable or undetectable for the mother and hospital. 
Therefore, compared with self-reported miscarriages, birth rate is a more precise measurement of 
fetal loss.  
2.2 Negative Effects of In-Utero Exposure to Air Pollution on Later Life Outcomes 
 Existing literature in economics presents models in which exposure to air pollution has been 
treated as an input into individuals’ human capital accumulation. Since fetal health is especially 
sensitive to environmental containments, in-utero exposure to air pollution may have persistent 
impacts on long-run outcomes (Isen, Rossin-Slater, and Walker, 2014; Black et al., 2013; Almond, 
Edlund, and Palme, 2009; Sanders, 2012). During the prenatal period, the fetus is going through a 
rapid cell division and an intense phase of epigenetic programming (Baccarelli and Bollati 2009). 
During different trimesters of pregnancy, it is crucial for development of certain body systems, such 
as respiratory, nervous, cardiovascular and immune systems (Selevan et al. 2000). Because of that, in-
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utero exposure to air pollution can influence an individual’s physiological and cognitive 
development, and therefore transform into lower returns of human capital investment.  
As evidence of the long-run impact of air pollution exposure, Isen et al. (2013) compare the 
annual earning at the age 30 for the cohort born directly before and directly after the 1970 U.S. 
Clean Air Act Amendments. The results find each 10-ug/m3 decrease in the concentration of 
particles during prenatal period and early childhood is associated with a 1% increase in annual 
earning. Bharadwaj et al. (2014) examine the relationship between air pollution exposure in each 
month of pregnancy and test scores in 4th and 8th grades. They find that in-utero exposure to CO 
and ozone in the 3rd and 4th months of pregnancy is related to lower test performance. Clark et al. 
(2010) assess children born in southwestern British Columbia in 1999 and 2000 and find that early 
life exposure (exposure in both in-utero and infant stages) to CO, NO, NO2, PM10 and SO2 plays a 
role in the development of asthma in childhood. Sanders (2012) explores the linkage between early-
life air pollution and high school test scores in Texas and finds that air pollution during pregnancy is 
associated with lower test scores in high school. Although some of these studies may be affected by 
bias from measurement error since they do not have information on the place of birth, evidence in 
general shows that in-utero exposure to air pollution has adverse long-term effects on individual’s 
labor productivity, educational achievement, and health.   
2.3 Evidence of In-Utero Air Pollution Exposure on Adverse Pregnancy Outcomes  
In the recent years, numerous studies have explored the linkage between air pollution 
exposure and adverse pregnancy outcomes. Based on the previous studies, outcomes that may be 
influenced by in-utero air pollution exposure include low weight births (Brauer et al., 2008; Chen et 
al., 2002; Salam et al., 2005; Rogers and Dunlop, 2006), preterm births (Sagiv et al., 2005; Ritz et al., 
2007; Huynh et al., 2006; Lee et al., 2008), infant mortality (Lipfert et al., 2000; Woodruff et al., 
1997, 2008; Ritz et al., 2006; Currie and Neidell, 2005) and fetal loss (Sanders and Stoecker, 2011). 
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However, almost all these studies have been conducted in developed countries such as U.S., U.K., 
and Canada. Moreover, evidence found in these studies are mixed. For example, Ritz and Yu (1999) 
find CO exposure during the last trimester of pregnancy increases incidence of low birth weight in 
Los Angeles. But Maisonet et al. (2001) report no evidence to such an effect. In addition, many of 
the studies do not include enough controls to address the potential confounding problem, such as 
residential sorting, personal preferences, households’ wealth condition, local cultural norms and 
seasonal patterns.  
Currie and Neidell (2005) examine the causal relationship between air pollution and infant 
mortality. They include the zip code fixed effects to control for the time-invariant neighborhood 
characteristics. The results indicate that a one-unit reduction in CO saved 18 infant lives in 
California during the 1990s. Currie, Neidell and Schmieder (2009) improve on their former research 
by including maternal fixed effect, which controls for differences in family background and genetics. 
In order to improve precision of pollution assignment, they use the exact address of the mother and 
match that with pollution statistics recorded in the nearest monitor. They find that a one-unit 
change in mean CO concentration during the last trimester of pregnancy increases the probability of 
low birth weight by 8%. Since CO in cities usually comes from coal burning and motor vehicle 
exhaust; the results from these studies provide motivations for launching more strict air pollution 
regulations in order to achieve better pregnancy outcomes. 
Chay and Greenstone (2003) set a good example of using air pollution regulation as natural 
experiment design to study the link between infant health and air pollution exposure. The Clean Air 
Act Amendments (CAAA) in the U.S. imposed strict regulation on industrial pollutants in counties 
with total suspended particulates (TSPs) levels above the federal ceiling. The legislation resulted in 
sharp reduction in TSPs in these counties from 1971 to 1972. Chay and Greenstone examine the 
infant mortality rate before and after the legislation by comparing counties with former TSPs just 
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above and just below the federal ceiling. The results imply that CAAA saved approximately 1300 
infant lives from 1970 to 1972. The good thing about using natural experimental design is that the 
pollution variation is totally exogenous. Together with the relatively short period within which 
pollution level declined dramatically, the authors do no need to worry about the problem of 
potential confoundings. However, such well-performed air pollution regulation is rarely available 
under developing context. In order to identify the causal relationship and solve the problem of 
potential confoundings, in our study, we use data on a sufficient spatial and temporal scale, which 
allow us to control for time-invariant characteristics of countries, neighborhoods and households. 
2.4 Season of Birth, Health and Socioeconomic Outcomes 
 Researches have consistently found that the month of child’s birth is associated with both 
birth outcomes (i.e. low birth weight and preterm) and later outcomes (i.e. health, educational 
attainment and earning). Many of these studies indicate that individuals born in winter tend to have 
poor birth outcomes, less schooling and lower wages than other individuals (Chodick et al., 2009; 
Strand, Barnett and Tong, 2011; Lee, Steer and Filippi, 2006). Some studies imply that the 
association could be driven by changes in temperature. Like air pollution, exposure to extreme 
temperature in early period of child development is also related to negative health and human capital 
outcomes. Deschenes, Greenstone and Guryan (2009) show that in-utero exposure to extreme hot 
temperatures leads to lower birth weight. Wilde, Apouey and Jung (2014) find that hot temperatures 
at the time of conception decrease the male-to-female ratio at the time of birth, which indicates the 
increase in fatal loss. Isen, Rossin-Slater and Walker (2015) find that a one-day increase with mean 
temperatures above 32 degree centigrade in utero and in the first year of life is associated with 0.2 
percent reduction in average earnings between the ages 29 and 31.  
However, recent studies criticize the previous work of seasonal patterns on human capital by 
pointing out that seasonality in outcomes may reflect inherent differences in characteristics of 
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mothers and households (Buckles and Hungerman, 2008; Currie and Schwandt, 2013; Wilde, 
Apouey and Jung, 2014). For example, Buckles and Hungerman (2008) find that women giving birth 
in winter are on average younger, less educated and less likely to be married. Similarly, Lam et al. 
(1994) show that the birth seasonality is greater among non-white than white births. The evidences 
indicate the importance of controlling for maternal characteristics. Currie and Schwandt (2013) claim 
that the problem of self-selection exists even when including broad socioeconomic proxies. 
Therefore, Currie and Schwandt (2013) eliminate the problem of self-selection by using mom panel 
data in the U.S. from 1997-2010. Controlling for the mother fixed effect, they find a sharp reduction 
in gestation length among babies conceived in May. The results imply that a higher influenza 
infection rate in January and February, when these babies are nearly full term, might be the reason 
that causes preterm births. In our study, we solve the self-sorting problem by including mother-
specific fixed effects. We control for seasonality by including month of the childbirth as controls. 
We also control for temperature and precipitation because changes in climate can affect both 
pollution realization and birth outcomes.  
2.5 Trivers-Willard Fragile Male Theory and the Sex Ratio Approach 
The idea that there might be gender differences in response to negative external shocks 
during the fetus period originates from the Trivers-Willard theory. In Trivers-Willard (1973), the 
authors state that since carrying a fetus to term is costly, mothers’ bodies would naturally select the 
fetus that has the optimal chance to produce grandchildren. Mothers in poor health are likely to give 
birth to unhealthy children, and males in poor health might not secure a mating opportunity, while 
females in poor health can still secure mating opportunity with a male in good health. Because of 
that, mothers are more likely to select out the male fetus when in poor health themselves.  
After Trivers and Willard, Wells (2000) argued male vulnerability in response to 
environmental stress in early life is most evident in harsh environmental conditions. Baird (2009) 
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also supported the argument that women in harsh environmental condition abort their least fit 
fetuses. Motivated by such theory, many researchers have examined the frequently experienced 
shocks such as temperature, and job loss on fetal death, especially the death of male fetuses. 
Catalano et al. (2005, 2008,2009) find the high ratio of males to females in fetal deaths when there 
were fewer employment opportunities. Fukuda et al. (2014) found high annual temperature is 
significantly positive correlated the male to female ratio in fetal death in Japan. Other researchers 
found evidence of gender differences in response to one-time events: Almond and Edlund (2007) 
find married, better educated, and younger mothers bore more sons; Kemkes (2006) finds a low 
secondary male to female ratio in the cohort born directly after the French Revolution Wars.  
Sanders and Stoecker (2011) is, to my knowledge, the only literature that examined the link 
between in utero air pollution exposure and male fetus loss. In their study, the exogenous air 
pollution variation is provided by the Clean Air Act Amendments of 1970 (CAAA), the same 
legislation that is used in Chay and Greenstone (2003). Taking advantage of this natural experiment, 
the authors found that a standard deviation increase in annual average total suspended particulate 
matter (TSPs) decreases the percentage of live births that are male by 3.1 percentage points, and 
these effects are larger for less educated, single, and black mothers. The authors also converted this 
gender ratio change into a measure of fetal death. The results of the improvement of air quality 
caused by the CAAA prevented approximately 2,100 infant deaths. Considering that rates of 
pregnancy loss are hard to estimate - a large portion of pregnancy losses occur around implantation, 
which is not clinical detectable (Wilcox et al., 1988); measuring fetal death by using gender ratio is 
one accessible approach. The approach can also be used as the robustness check for studies in this 
field.    
3. Data 
3.1 Data on Birth Rate and Birth Gender  
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Data on birth rate and birth gender come from the Demographic and Health Surveys 
(DHS). The DHS data cover women of reproductive age from 43 countries around the tropics; most 
of them are developing countries, with the time range from 1984 to 2007. According to the DHS 
Sampling Manual, DHS surveys in most countries adopt a random two-stage cluster sampling 
procedure in which a certain number of households are selected from the first-stage sampling unit. 
The chance of a unit being selected in the sample is proportional to the size of the unit. Survey 
questions are focused on maternal health, prenatal care, birth outcomes, child mortality and other 
household information. The data also cover information on women’s education level, marital status, 
and miscarriage history. For women who took the surveys and lived in the same neighborhood, we 
have generated a DHS ID using information on country, cluster and survey year. We then merge the 
DHS data with air pollution data using the DHS ID. Figure 1 shows the DHS cluster intensity in 
each of the 10km * 10km grid of regular squares on map of the global tropics. 
2.2 Data on Air Pollution 
 Data on air pollution come from the Ruth DeFries’ lab at Columbia University. The Ruth 
DeFries’ lab adopted the Global Fire Emission Database 3 (GFED3), which is the most updated 
and precise version of global fire activities that is observed monthly by satellites, and then fit 
information from satellite-derived observation of global fire activity (i.e., forest fires, tropical 
deforestation fires, and grass fires) and geographic areas burned (e.g., agricultural burning) in the 
NASA GISS General Circulation Model (GCM). With combining information of the wind speed 
and other climates factor in the GCM model, the lab estimated the ground level pollution intensities 
caused by fire activities at each of 50km * 50 km grid on map. The lab has modified their framework 
in this most resent database version in order to improve the precision. The pollution data cover daily 
levels of CO, PM2.5, PM10 and ozone around the whole global tropics from 1997 to 2011. 
According to the modeling framework, some of the largest contributors to global fire carbon 
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emission were fires in grasslands and savannas (44%) and fires in the tropics caused by deforestation 
and degradation. On average, 52% of the global fire emissions from 1997 to 2009 were from Africa, 
15% emitted from America, and 10% emitted from Equatorial Asia (van der Werf et.al., 2010). 
Figure 2 shows the pollution output of daily average PM 2.5 in time range from 1997 to 2008. We 
have a uniquely identified Pixel ID for each of the 50km * 50km grid on map, and each Pixel ID can 
be matched with a few DHS IDs. We then merge the birth records in each of DHS clusters with the 
levels of air pollution exposure by DHS ID, year and month. As a result, we have the month-panel 
data at cluster level with information on both fertility and air pollution intensity from 1998 to 2009. 
2.3 Summary Statistics 
 Panel A in the summary statistics table (Table 1) indicates that, on average, 1.2 children have 
been born in each cluster per month; the number of male being born is slightly more than the 
number of females, giving a male-to-female ratio of 1.036. The male to female ratio is even higher 
among children who are the first child in their families. Such preference toward male can be seen in 
both urban and rural areas. In general, each woman in the sample has on average 4.3 children. 
Compared with rural women, urban women start bearing child at a relatively older age, and they are, 
on average, one year more educated.  More than 77% of women in the sample are married. Less 
than 20% of women report they have ever miscarried before; however, this variable is missing for 
most of the observations.  
From panel B, we can see that PM 2.5 is the most dominant pollutant (e.g., daily PM 2.5 
level exceeds the EPA standard for more than 14 days in every trimester). In the pollution data, the 
unit of CO is ppb, which is different from the units of the other three pollutants. In order to unify 
the air pollution level, we compute the Air Quality Index (AQI) by combining information from all 
four pollutants. The AQI captures variation of the most dominant pollutant from time to time, 
which means, in this pollution data, the variation in AQI is mostly driven by PM 2.5. 
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4. Methodology 
In this section, the analysis proceeds in two parts. In the first part, we use birth rate and birth gender 
as measures to estimate pregnancy losses. Fewer children or fewer boys being born after badly 
polluted gestations indicate the occurrence of fetal losses. We examine the effects at aggregated 
monthly cluster level and look specifically at the cohort effects. In the second part, we present a 
linear probability model. We assess the effects at maternal level by including mother fixed effect. 
The most important assumption we make in this study is that it is the case that some geographic 
areas can have more or less air pollution; however, given that we include all kinds of fixed effects, 
conditional on the average pollution level in these geographic areas, the actual pollution realization is 
random.  
4.1 Measure the cohort effects 
In order to examine the cohort effects of air pollution on pregnancy losses, we collapse 
childbirth data by adding up number of children born in a specific month and year in each DHS 
cluster, and then, making it easier for interpretation, we divide this cohort size by the number of 
women in that cluster. We match the childbirth outcomes with monthly mean pollution level in that 
cluster location. The baseline model is in the following form:   
          Y d,y,m = 𝛽  !!!! s Pd,y,m + 𝜌 Wd,y,m + 𝛿 Xd  +  𝑦c + m + 𝜏d +  𝜀d,y,m,   (1) 
where Yd,y,m is the average number of children born (or number of children born being male or 
female) by each mother in DHS cluster d, in year y and month m; Pd,y,m indexes the average ambient 
pollution level in DHS cluster d, in year y, and month m. Pd,y,m contains two different measures of 
ambient pollution level in each trimester s: the average pollution level and the total number of days 
that pollution level is over the EPA standards. The trimester measures are constructed by calculating 
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the mean pollution or adding up total exceeded days over the trimester, 𝛽 s measures the effect from 
change in mean pollution level in trimester s. 
 Wd,y,m indexes the average precipitation and total number of days with temperature over 30 
degree in each trimester s, in DHS cluster d. We control for the weather condition because weather 
is correlated with air pollution and weather can affect the realization of air pollution at the ground 
level; for example, the transportation of air pollutants would be faster in hot days than cool days; Xd 
denotes observable characteristics of women in DHS cluster d. Such characteristics include age, 
squared age, literacy, employment condition, education in years, and ever miscarried. 𝑦c captures the 
annual fertility patterns, which includes both year fixed effects and country trend1; m captures the 
seasonal patterns2, which includes month fixed effects;  𝜏d denotes DHS cluster fixed effect, which 
control for the time-invariant neighborhood characteristics; 𝜀d,y,m denotes the error term.  
A limitation of model (1) is that pollution exposure may be correlated with country 
characteristic that may affect reproductive outcomes, and the effects of country characteristics on 
reproductive outcomes may be different from year to year, and it also may be different from season 
to season3. In order to control for different seasonal and annual effects in these characteristics, we 
construct model in the following form: 
Y d,y.m  = 𝛽  !!!! s Pd,y,m + 𝜌 Wd,y,m + 𝛿 Xd,y,m + 𝜆m,c + 𝜈y,c  +   𝜏d +  𝜀d,y,m   (2) 
where, 𝜆m,c denotes the month by country fixed effect, and 𝜈y,c demotes the year by country fixed 
effect. As we are controlling for the two fixed effects, the pollution variation is restricted in one 
single year or one single month over years in a specific country. That means we are controlling for 
the average fertility by year (or month) for each country differently. 
4.2 Measure individual effects  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 Health care and living standard would be improved over time. 
2 Both pollution and birth outcome are strongly seasonal. 
3 For example, countries located around the Saharan deserts suffer more dust storms in winter than they are in summer.	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Both model (1) and model (2) examine the effects of air pollution on cohort. Although it has 
improved on model (1), model (2) can still suffer from omitted variable bias, which mainly comes 
from the omitted characteristics of families. In order to control for the unobservable mother and 
household characteristics, we create a mother panel data for 589,704 women4 over their age of 10 to 
49. The following mother-level linear probability model improves on the previous model by 
controlling for mother fixed effect. As we mentioned in the literature review, it is hard to measure 
the true number of fetal; thus, we use the binary variable of whether a mother gave birth to a child 
in a specific year and month as my dependent variable. Lower probability of having child during bad 
polluted periods indicates the potential fetal losses. For some woman i in cluster d, in year y and 
month m, the relationship between the outcome of interest Y and ambient pollution can be 
expressed as follows: 
 Yi,d,y.m  = β  !!!! s Pd,y,m, + 𝜌 Wd,y,m   +  𝜆m,c + 𝜈y,c  +   𝜏d +  𝜉i + 𝜀i,d,y,m   (3) 
where Yi,d,y.m  is a dummy variable for whether woman i in cluster d having child in year y and month 
m; βs is the coefficient of interest (the marginal impact of air pollution in trimester s on the 
probability of having child); 𝜉i is the mother-specific fixed effect. This model controls for time-
invariant characteristics of countries, neighborhoods and mothers. We compare birth rate or birth 
gender that is driven by local pollution variation between pregnancies of the same mother.  
5. Results 
5.1 Results from the Cluster Level Regressions 
 Estimates of the effects on cohort born in the same year, month and cluster are shown in 
Table 2, 3 and 4. Table 2 shows the effects of air pollution on total number of children born. Table 
3 and 4 show the effects of air pollution number of male births and female births separately. The 	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4 We keep only for those women who have at least two kids, since the following specification compares between 
different pregnancies of the same mother. 
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first group of two columns show estimates of Equation (1) and (2) for CO, and Column 3 and 4 
show estimates of Equation (1) and (2) for PM 2.5. Panel B presents estimates with controlling for 
observable mother characteristics. We find that, in general, estimates in Panel B are larger than those 
in Panel A, which suggest socio-economic status of mothers play an important role in reproductive 
outcomes. Columns 2 and 4 in Table 2 show that in–utero exposure to both CO and PM 2.5 
decrease total number of children born even after controlling for the seasonal and annual patterns of 
air pollution in each country differently. We take the estimates from Panel B and transfer them into 
the exact number of fetal losses. As it shown in Table 5 Column 4, one standard deviation (about 40 
ug/m3) increase in PM 2.5 concentration in the first trimester decreases annual number of children 
born by approximately 60 in every 10,000 women.  
In Table 3, estimates in Panel B column 2 reveals that a one-ppm increase in average in-
utero CO concentration decreases the number of annual number of male births by 21.6 in every 
1,000 women5. Also, estimates in Panel B Column 4 indicate that average in-utero PM 2.5 
concentration in the first trimester increases by 10 ug/m3 will decrease annual male births by 
approximately 2.4 in every 1,000 women6. The effects are larger than what we find in Columns 1 and 
3, where we only control for year, month and country trend fixed effects. We show this effects on 
males at the cluster level in Figure 3 and Figure 47. The Figures reveal the average in-utero CO 
intensity, as well as, exposure to CO in the first and third trimesters increase the likelihood of fetal 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5 We convert the coefficient into the exact number of fetal losses by taking the coefficient -5.25e-07 and times it by 
1,000 * 12 * 1,000 (times the first 1,000 to transfer the original CO unit ppb into the standard unit ppm; times 12 to 
transfer the monthly effects into annual effects; time another 1,000 for a group of 1,000 women) 
6 -2.4 = -1.19e-05 * 12 * 1,000 (times 12 to transfer the monthly effects into annual effects; time 1,000 for a group of 
1,000 women) 
7 Similar to what we’ve done in transferring Table 2 Panel B into exact number of fetal losses (which has been shown in 
Table 5), Figures 3 and 4 shows coefficients that are transferred in the same way from Table 3 Panel B.  
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loss. PM 2.5 in the first trimester also has strongly negative effect on the annual number of male 
births8. 
We do not see negative effect of air pollution on the number of female births at the cluster 
level, which is consistent with the Trivers-Willard theory of “fragile males”. However, Table 4 
Column 2 shows that CO exposure in utero increases the number of female births9. The wrong-
signed coefficient suggests that an increase in CO intensity, especially during the first trimester, 
increases the number of female births. We can interpret the estimates in two different ways. First, 
model (2) does not adequately capture for characteristics of the mothers. For example, due to some 
unobservable reasons, certain groups of mothers who live in highly-polluted areas might also be 
more educated or wealthier, which could indicate better prenatal care. Another example could be 
that, forest fires could occur in a relatively high incidence in some areas, which would produce more 
pollution in these areas; and mothers who live in these areas may practice avoidance behaviors (for 
instance, avoiding outdoor activities) that we do not capture in our model. Failure to capture these 
factors can lead to downward biased estimations. The coefficients can even take the opposite sign. 
To avoid this problem, we can control for unobservable maternal characteristics by including 
mother fixed effect.  
The second interpretation is CO exposure during pregnancy actually skews the birth gender 
toward female. Previous studies on fertility and reproductive outcomes have found that increased 
levels of air pollution are associated with a decrease in male-to-female sex ratio at birth (Fukuda et 
al., 2002; James, 2004). Some studies find the lower male-to-female sex ratio at birth is not 
necessarily due to preferential loss of male embryos. In men, exposure to ambient air pollution may 
alter the testicular functioning, leading to an excess of X sperm production, which skews the primary 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
8 According to Figure 4, one standard deviation increase in PM 2.5 intensity in the first trimester will decrease the annual 
number of male births by 58 in every 10,000 women. 
9 The effects of CO and PM2.5 on annual female birth rate are also shown in Figure 5 and Figure 6.	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sex ratio (Lichtenfels et al., 2007). If this is the case, the positive-signed coefficient on CO in the first 
trimester will not be eliminated even when we control for unobservable mother characteristics in 
Equation (3). 
5.2 Results from the individual Level Regressions 
In order to capture characteristics (such as, birth gender preferences) of households and 
mothers, we control for specific-mother fixed effect. In our sample, we only keep mothers who have 
two or more children. Model (3) compares reproductive outcomes of the same mother between 
pregnancies. The estimates are presented in Table 6. After controlling for mother fixed effect, we 
still find the exposure of PM 2.5 in the first trimester increases the likelihood of fetal losses; 
however, we find the effect is mostly driven by the losses of females. In Column 4 of Table 6, we 
see that PM2.5 in the first trimester is negative related to the probability of having a child. A one 
standard deviation increase in PM 2.5 intensity in the first trimester will decrease the number of 
children born by approximately 59 in every 10,000 women. PM 2.5 in the first trimester affects both 
males and females although the effect on females is larger than it on males. Our finding of air 
pollution on birth gender at the individual level is contradicted against the Trivers-Willard theory.  
Furthermore, with including the mother-specific fixed effects, the positive-signed coefficient 
on CO in the first trimester disappears; however, we find that CO in the third trimester increases the 
probability of having female children. In Table 7, we analysis the effects of CO in each month of 
pregnancy, and find the coefficient on CO in the last month of pregnancy is positive and significant 
at 5% level. This implies CO exposure in the late stages of pregnancy may reduce the gestation 
length and cause preterm births in females.  We do not find evidence of CO causing pregnancy 
losses at the individual level.  
5. Robustness Check 
5.1 Tests for Migration  
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 The lack of information on children’s birthplace could be a potential problem in this study. 
Since households can move from one place to another, we might have mismatched some of the 
childbirth outcomes with the in-utero air pollution exposure. For example, if a child was conceived 
and born in a highly-polluted town A, but the household moved to a low-polluted town B after the 
childbirth, we would have mistakenly matched the low pollution levels in town B with this child. A 
lot of mismatched observations would cause to upward-biased estimations.  
 Thus, we drop all mothers who have ever moved before and check the effects of air 
pollution on fetal losses at the individual level with including mother-specific fixed effects. By doing 
this we dropped all observations in countries like Angola, Burundi, Bolivia and Indonesia because 
migration information is missing in these countries. The results are presented in Figure 7. We still 
find that in-utero exposure to PM 2.5 decreases the number children born10; however, we do not see 
any significant result on CO. It might be because we have dropped countries with high intensity of 
CO, for example, a large number of observations have been dropped in Indonesia where a relatively 
high intensity of CO is caused by the higher incidence of forest fires.  
5.2 Tests for Heterogeneity in Response to Air Pollution in Urban and Rural 
 We also check the results in urban and rural subsamples. We find the heterogonous effects 
of air pollution in urban and rural areas. Figure 8 shows that the effect of air pollution in the rural 
area is greater than it in the urban areas although the urban areas may have higher levels of air 
pollution11. Evidence in the previous literatures shows air pollution has stronger effects on non-
educated mothers, since the educated individuals are more likely to avoid the exposures to high-level 
air pollution (Currie, Neidell and Schmieder, 2009; Sanders and Stoeker, 2011). In our sample, the 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
10 Even when we drop women who have ever moved before, we still find a standard deviation increase in the first 
trimester PM 2.5 intensity decreases the number of children born by approximately 41 in every 10,000 women.  
11 Although we do not consider industrial pollution in this study, it is reasonable to believe the aggregated levels of air 
pollution is higher in the urban areas due to the higher levels of industrial pollution. 
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average education level is higher in the urban areas. Also, people who live in the rural area tend to 
work in the field, which suggests they would spend more time in the outdoor areas.  
6. Conclusion 
 In order to evaluate the true effects of exposure to air pollution in utero, it is necessary to 
understand how changes in levels of air pollution are likely to cause spontaneous miscarriages and 
conception failures. This paper examines the effects of air pollution on fetal losses using data from 
40 developing countries spanning from 1997 to 2009. The models presented in this paper control 
for many potential cofounders. The richest model identified using variation in pollution between 
pregnancies with controlling for seasonal and annual patterns of pollution in each country 
differently.   
 The most consistent set of results show that PM 2.5 has negative effects on reproductive 
outcomes; A one-standard deviation increase in the average PM 2.5 intensity decreases the number 
of annual children born by 59 in every 10,000 women. This implies exposure to PM 2.5 in the early 
stages of pregnancy increases the incidence of conception failures, as well as the chance of 
miscarriages. It is also noteworthy that we find evidence of CO in the late stages of pregnancy 
causing preterm birth. By controlling for seasonal patterns, characteristics of country, characteristics 
of neighborhood and characteristics of mothers, we find a one-ppm increase in average in-utero CO 
concentration increases the number of preterm births by approximately 7 in every 10,000 women. 
To summarize: 1. First trimester PM 2.5 has statistically significant, negative effects on birth rate in 
all of our specifications; 2. Both first and third trimester CO has strong negative effects on the size 
of cohort birth; however, we find no effect of CO on childbirth between pregnancies of the same 
mother; 3. Results found at the cohort level on birth gender suggest pollution has larger effects on 
males than females, but we do not see such an effect at the individual level. 4. Evidence at the 
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individual level shows that CO exposure in the late stages of pregnancy increases that likelihood of 
preterm birth.  
 In conclusion, recent studies have shown how in-utero exposure to air pollution influences 
contemporaneous birth outcomes, including the incidence of low birth weight and preterm birth, as 
well as, infant mortality (Brauer et al., 2008; Chen et al., 2002; Sagiv et al., 2005; Ritz et al., 2007; 
Lipfert et al., 2000; Woodruff et al., 1997, 2008). Another branch of research has explored the 
persistent long-term impacts of in-utero pollution exposure on human capital outcomes, including 
schooling, school performance and future earnings (Isen, Rossin-Slater, and Walker, 2014; Black et 
al., 2013; Almond, Edlund, and Palme, 2009; Sanders, 2012). However, there is little evidence on the 
possible pregnancy losses that are caused by exposure to air pollution in utero. Because it is difficult 
to estimate the actual number of spontaneous miscarriages and loss of embryos around the 
implantation, data on pregnancy losses are rarely available especially in developing countries. This 
paper tries to fill this gap by presenting birth rate and birth gender as measures for potential fetal 
losses. We find that exposure to air pollution increases the incidence of pregnancy loss. This study 
provides useful information for assessing the benefits of air pollution regulation in terms of 
reproductive outcomes in developing countries. 
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Figure 1: Intensity of DHS Cluster on Map of Global Tropics 
 
 
 
 
 
 
Figure 2: Daily Average PM 2.5 from 1997 to 2008 (ug/m3) 
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Table 1: Summary Statistics 
         Panel A: Reproductive Outcomes 
 
1 2 3 4 5 6 7 8 
 Number of Monthly Childbirths per Cluster Rural Urban   
   
 
Mean Min Max SD Mean Mean 
  Total 
Childbirths  1.21 1 11 0.51 1.22 1.19 
  Males 0.62 0 8 0.61 0.62 0.6 
  Females 0.59 0 6 0.61 0.59 0.58 
  Panel B: Air Pollution  
 CO(ppm) PM 2.5(ug/m3) 
 
 
Mean Min Max SD Mean Min Max SD 
AQI 1 0 213 2 81 0 827 78 
Monthly 
Mean 0.18 0.04 17.3 0.15 26.23 0.15 827.69 44.54 
Rural 0.18 0.04 17.3 0.14 25.5 0.15 827.69 44.19 
Urban 0.18 0.05 17.3 0.14 22.9 0.15 827.69 42.39 
Panel C: Mother Controls 
 
Total 
Children 
Total 
sons 
Total 
Daughters 
Women 
Age of 
Childbirth 
Women 
Age of First 
Childbirth 
Education 
in Years 
Ever 
Miscarried 
Number of 
Women 
per Cluster 
 
Mean Mean Mean Mean Mean Mean Mean Mean 
Overall 4.34 2.2 2.14 26.46 19.47 4.69 0.19 20.44 
Rural 4.45 2.26 2.19 26.46 19.37 4.45 0.19 20.55 
Urban 4.27 2.17 2.09 26.68 19.98 5.29 0.2 18.9 
Note: when the AQI is in 0 to 50, air quality conditions are good. When the AQI is in 51 to 100, air quality conditions are 
moderate. When the AQI is in 101 to 150, air quality conditions are unhealthy for sensitive groups. When AQI is in 151 to 200, 
air quality conditions are unhealthy. When the AQI is in 201 to 300, air quality conditions are very unhealthy. When the AQI is 
greater than 300, air quality conditions are hazardous.  
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Table 2: Effects of Air Pollution on Cohort Birth Rate 
Dependent Variable: Average Number of Childbirths of Each Mother in Each Cluster and Each Month 
  [1] [2] [3] [4] 
 
 CO  CO PM25 PM25 
Variables Childbirth Childbirth Childbirth Childbirth 
Panel A. Estimates without Controls 
In-Utero (mean) -6.59e-07** -3.78e-07 -1.73e-06 -5.16e-06 
 
(3.34e-07) (3.03e-07) (3.92e-06) (7.12e-06) 
1st Trimester (mean) -5.63e-07** -2.68e-07 -3.63e-06 -9.20e-06*** 
 
(2.62e-07) (2.02e-07) (3.32e-06) (3.37e-06) 
2nd Trimester (mean) 1.45e-07 3.89e-07 5.38e-07 -1.15e-07 
 
(3.18e-07) (3.20e-07) (2.00e-06) (2.92e-06) 
3rd Trimester (mean) -2.63e-07 -6.16e-07* -6.17e-07 3.07e-06 
 
(3.04e-07) (3.46e-07) (3.82e-06) (3.85e-06) 
Panel B. Estimates with Mother Controls 
In-Utero (mean) -5.35e-07* -5.25e-07* -2.50e-06 -8.79e-06 
 
(3.25e-07) (3.02e-07) (4.45e-06) (6.99e-06) 
1st Trimester (mean) -4.15e-07* -2.76e-07 -3.51e-06 -1.19e-05*** 
 
(2.40e-07) (2.00e-07) (4.09e-06) (3.19e-06) 
2nd Trimester (mean) 2.17e-07 2.75e-07 -1.13e-06 -9.69e-07 
 
(3.13e-07) (3.13e-07) (2.35e-06) (3.05e-06) 
3rd Trimester (mean) -3.81e-07 -6.32e-07* 3.11e-06 2.59e-06 
 
(3.06e-07) (3.45e-07) (3.69e-06) (3.94e-06) 
     Month FE Yes 
 
Yes 
 Year FE Yes 
 
Yes 
 Country Trend Yes 
 
Yes 
 DHS_id FE Yes Yes Yes Yes 
Country-Month FE 
 
Yes 
 
Yes 
Country-Year FE 
 
Yes 
 
Yes 
     Observations 655,160 655,160 655,160 655,160 
R-squared 0.614 0.615 0.614 0.615 
Note: all regressions control for temperature and precipitation in each trimester. Regressions in Panel B control 
for mother's age, education in years, employment, and ever miscarried. The number of DHS clusters is 
31,471.Cluster standard errors at pix id level. * p≤.1; ** p≤.05; *** p≤.01.   
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Table 3: Effects of Air Pollution on Male Birth Rate at Cohort Level 
Dependent Variable: Average Number of Male Childbirths of Each Mother in Each Cluster and Each Month 
  [1] [2] [3] [4] 
 
 CO  CO PM25 PM25 
Variables Male Childbirth Male Childbirth Male Childbirth Male Childbirth 
Panel A. Estimates without Controls 
In-Utero (mean) -1.26e-06** -1.71e-06*** -7.25e-06 -1.21e-05 
 
(5.40e-07) (5.58e-07) (5.70e-06) (1.05e-05) 
1st Trimester (mean) -1.02e-06*** -1.24e-06*** -1.37e-06 -9.02e-06* 
 
(2.94e-07) (3.26e-07) (4.27e-06) (4.66e-06) 
2nd Trimester (mean) 2.14e-07 3.51e-07 -2.65e-06 -2.12e-06 
 
(4.02e-07) (4.20e-07) (1.95e-06) (3.82e-06) 
3rd Trimester (mean) -4.99e-07 -9.27e-07*** -2.86e-06 -2.34e-06 
 
(3.42e-07) (3.42e-07) (2.73e-06) (5.67e-06) 
Panel B. Estimates with Mother Controls 
In-Utero (mean) -1.18e-06** -1.80e-06*** -1.06e-05* -1.99e-05* 
 
(5.22e-07) (5.08e-07) (6.41e-06) (1.06e-05) 
1st Trimester (mean) -8.42e-07*** -1.27e-06*** -2.36e-06 -1.15e-05** 
 
(2.77e-07) (3.24e-07) (4.89e-06) (4.95e-06) 
2nd Trimester (mean) 9.65e-08 2.73e-07 -4.67e-06** -5.38e-06 
 
(3.76e-07) (4.00e-07) (2.17e-06) (3.96e-06) 
3rd Trimester (mean) -4.48e-07 -9.02e-07*** -1.28e-06 -4.02e-06 
 
(3.36e-07) (3.32e-07) (3.72e-06) (5.95e-06) 
     Month FE Yes 
 
Yes 
 Year FE Yes 
 
Yes 
 Country Trend Yes 
 
Yes 
 DHS_id FE Yes Yes Yes Yes 
Country-Month FE 
 
Yes 
 
Yes 
Country-Year FE 
 
Yes 
 
Yes 
     Observations 655,160 655,160 655,160 655,160 
R-squared 0.220 0.221 0.220 0.221 
Note: all regressions control for temperature and precipitation in each trimester. Regressions in Panel B control 
for mother's age, education in years, employment, and ever miscarried. The number of DHS clusters is 
31,471.Cluster standard errors at pix id level. * p≤.1; ** p≤.05; *** p≤.01.   
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Table 4: Effects of Air Pollution on Female Birth Rate at Cohort Level 
Dependent Variable: Average Number of Female Childbirths of Each Mother in Each Cluster and Each Month 
  [1] [2] [3] [4] 
 
 CO  CO PM25 PM25 
Variables 
Female 
Childbirth 
Female 
Childbirth 
Female 
Childbirth 
Female 
Childbirth 
Panel A. Estimates without Controls 
In-Utero (mean) 6.03e-07 1.33e-06** 5.51e-06 6.96e-06 
 
(5.53e-07) (5.29e-07) (6.09e-06) (8.04e-06) 
1st Trimester (mean) 4.53e-07* 9.75e-07*** -2.27e-06 -1.82e-07 
 
(2.74e-07) (2.89e-07) (2.96e-06) (4.46e-06) 
2nd Trimester (mean) -6.87e-08 3.88e-08 3.19e-06 2.00e-06 
 
(3.26e-07) (3.02e-07) (2.06e-06) (3.21e-06) 
3rd Trimester (mean) 2.36e-07 3.11e-07 2.24e-06 5.41e-06 
 
(3.68e-07) (3.94e-07) (4.80e-06) (3.93e-06) 
Panel B. Estimates with Mother Controls 
In-Utero (mean) 6.40e-07 1.28e-06** 8.10e-06 1.11e-05 
 
(5.26e-07) (5.07e-07) (6.58e-06) (8.35e-06) 
1st Trimester (mean) 4.27e-07 9.89e-07*** -1.16e-06 -4.19e-07 
 
(2.67e-07) (2.90e-07) (3.33e-06) (5.25e-06) 
2nd Trimester (mean) 1.20e-07 1.43e-09 3.54e-06 4.41e-06 
 
(2.92e-07) (2.87e-07) (2.31e-06) (3.43e-06) 
3rd Trimester (mean) 6.67e-08 2.70e-07 4.39e-06 6.61e-06 
 
(3.76e-07) (3.99e-07) (5.09e-06) (4.47e-06) 
     Month FE Yes 
 
Yes 
 Year FE Yes 
 
Yes 
 Country Trend Yes 
 
Yes 
 DHS_id FE Yes Yes Yes Yes 
Country-Month FE 
 
Yes 
 
Yes 
Country-Year FE 
 
Yes 
 
Yes 
     Observations 655,160 655,160 655,160 655,160 
R-squared 0.208 0.209 0.208 0.209 
Note: all regressions control for temperature and precipitation in each trimester. Regressions in Panel B control 
for mother's age, education in years, employment, and ever miscarried. The number of DHS clusters is 
31,471.Cluster standard errors at pix id level. * p≤.1; ** p≤.05; *** p≤.01.   
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Table 5: Effects of Air Pollution on Cohort Birth Rate 
(Exact Number of Fetal Losses) 
Dependent Variable: Annual Number of Childbirths per 10,000 Women 
  [1] [2] [3] [4] 
 
 CO  CO PM25 PM25 
Variables Childbirth Childbirth Childbirth Childbirth 
In-Utero (mean) -6.55* -6.43* -11.00 -38.68 
 
(3.98) (3.70) (19.58) (-30.76) 
1st Trimester (mean) -6.82* -4.54 -17.85 -60.52*** 
 
(3.95) (3.29) (20.80) (16.22) 
2nd Trimester (mean) 3.33 4.22 -5.75 -4.93 
 
(4.81) (4.81) (11.96) (15.53) 
3rd Trimester (mean) -5.90 -9.78* 15.58 12.97 
 
(4.74) (5.34) (18.48) (19.73) 
     Month FE Yes 
 
Yes 
 Year FE Yes 
 
Yes 
 Country Trend Yes 
 
Yes 
 DHS-Cluster FE Yes Yes Yes Yes 
Country-Month FE 
 
Yes 
 
Yes 
Country-Year FE 
 
Yes 
 
Yes 
     Observations 655,160 655,160 655,160 655,160 
R-squared 0.614 0.615 0.614 0.615 
Note: all regressions control for temperature and precipitation in each trimester. 
Also control for mother's age, education in years, employment, and ever miscarried. 
The number of DHS clusters is 31,471.Cluster standard errors at pix id level. * p≤.1; 
** p≤.05; *** p≤.01.   
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Table 6: Effects of Air Pollution on Birth Rate at Individual Level 
Dependent Variable: 1=Mother Gave Birth to a Child  
  [1] [2] [3] [4] [5] [6] 
 
CO CO CO PM25 PM25 PM25 
Variables Childbirth 
Male 
Childbirth  
Female 
Childbirth  Childbirth 
Male 
Childbirth 
Female 
Childbirth 
In-Utero (mean) 5.86 2.35 3.57 4.55 -1.58 7.22 
 
(5.18) (3.24) (2.51) (-30.93) (-15.13) (-17.72) 
1st Trimester (mean) 0.44 -1.07 1.35 -59.07** -27.86* -31.36*** 
 
(4.86) (2.64) (2.54) (-23.78) (-14.42) (-10.44) 
2nd Trimester (mean) -2.96 0.00 -2.77 20.12 8.10 12.76 
 
(4.69) (2.65) (2.44) (-14.92) (-7.51) (-7.90) 
3rd Trimester (mean) 11.36** 4.30 7.06*** 13.81 3.54 10.50 
 
(5.60) (3.44) (2.55) (-45.70) (-21.49) (-24.99) 
  
  Constant  190968*** 192276*** 95745.6*** 31316.60*** 31189.13*** 31231.62*** 
 
(20274) (20404.8) (13603.2) (4419.17) (4244.95) (4249.2) 
       Observations 64,624,911 64,624,911 64,624,911 64,624,911 64,624,911 64,624,911 
R-squared 0.009 0.009 0.008 0.008 0.009 0.009 
Note: all regressions control for country by year fixed effects, country by month fixed effects, and specific-mother 
fixed effects. We also control for temperature and precipitation in each trimester. Total number of mothers is 
589,704. Cluster standard errors at pix id level.  * p≤.1; ** p≤.05; *** p≤.01. 
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Table 7: Effects of Air Pollution in Each 
Month in Utero 
  [1] [2] 
 
CO PM25 
Variables 
Female 
Childbirth  
Female 
Childbirth 
1st Month (mean) 2.29 -12.91** 
 
(2.34) (6.11) 
2nd Month (mean) -3 -17.66*** 
 
(3.47) (4.87) 
3rd Month (mean) -0.07 -2.16 
 
(3.09) (4.14) 
4th Month (mean) -0.19 2.88 
 
(3.46) (5.29) 
5th Month (mean) 0.95 4.03 
 
(3.05) (5.26) 
6th Month (mean) -1.26 -1.28 
 
(2.66) (5.98) 
7th Month (mean) 3.57 10.15 
 
(3.2) (8.16) 
8th Month (mean) -3.35 -5.31 
 
(3.3) (9.75) 
9th Month (mean) 6.84** 6.66 
 
(3.01) (11.78) 
Constant  95745.6*** 31231.62*** 
 
-13603.2 -4249.2 
   Observations 64,624,911 64,624,911 
R-squared 0.008 0.009 
  * p≤.1; ** p≤.05; *** p≤.01. 
 
